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Abstract
The analysis of network evolution has been hampered by limited availability of protein interaction data for different
organisms. In this study, we investigate evolutionary mechanisms in Src Homology 3 (SH3) domain and kinase interaction
networks using high-resolution specificity profiles. We constructed and examined networks for 23 fungal species ranging
from Saccharomyces cerevisiae to Schizosaccharomyces pombe. We quantify rates of different rewiring mechanisms and
show that interaction change through binding site evolution is faster than through gene gain or loss. We found that SH3
interactions evolve swiftly, at rates similar to those found in phosphoregulation evolution. Importantly, we show that
interaction changes are sufficiently rapid to exhibit saturation phenomena at the observed timescales. Finally, focusing on
the SH3 interaction network, we observe extensive clustering of binding sites on target proteins by SH3 domains and a
strong correlation between the number of domains that bind a target protein (target in-degree) and interaction
conservation. The relationship between in-degree and interaction conservation is driven by two different effects, namely the
number of clusters that correspond to interaction interfaces and the number of domains that bind to each cluster leads to
sequence specific conservation, which in turn results in interaction conservation. In summary, we uncover several network
evolution mechanisms likely to generalize across peptide recognition modules.
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Introduction
Peptide recognition modules (PRMs) and kinase domains bind
short linear peptide motifs on their protein binding partners and
are integral members of many signaling pathways [1–3]. PRM
members include the SH3 (Src homology 3), SH2 (Src homology
2), and PDZ (PSD-95/Discs-large/ZO-1) domains [1]. In this
study, we focus on the SH3 domain, a small (,60 amino acids)
domain, implicated in crucial regulatory processes such as signal
transduction, cytoskeleton organization, and cell polarization
[4,5]. SH3 domains typically bind short proline rich peptides
containing a PxxP binding motif [5]. Initial structural analysis
revealed two main binding classes, although variations to these
canonical SH3 binding motifs have also been discovered.
Experimental identification of the short peptide binding motifs
recognized by PRMs has been performed using a number of
methods, such as synthetic peptide arrays (SPOT), oriented
peptide array libraries (OPAL), protein domain microarrays, and
phage display [1,6–10]. Binding specificity maps have been
generated for Saccharomyces cerevisiae SH3 and kinase domains
using phage display and combinatorial peptide library screening
approaches, respectively [6,11]. Domain binding specificities from
these experimental methods are captured in position weight
matrices (PWMs) enabling comprehensive and high confidence
predictions of physical interactions involving SH3 and kinase
domains. The high accuracy of these PWM predictions has been
demonstrated in their ability to recapitulate interactions derived
from orthogonal experimental methods such as yeast two-hybrid
[6].
Interaction network studies have uncovered network properties
such as scale-free and hierarchical topologies [12], resulting in the
development of models describing protein interaction network
evolution [12–15]. Network rewiring rates for protein interaction
networks have also been established for proteins in S. cerevisiae that
have paralogs [16], model eukaryotic protein interaction networks
[17], and yeast regulatory networks [18–20]. A global comparative
analysis on network rewiring from existing experimental datasets
has suggested that regulatory networks are among the fastest
evolving biological networks [21]. However, these comparative
studies are hampered by two problems: The analyzed networks are
often incomplete and the species examined are highly diverged.
An obvious problem is that interactions in species similar to the
model organisms (such as yeast or worm) are usually inferred by
means of orthology mapping, which prohibits any kind of
evolutionary analysis based on them [22,23]. Unlike these
mapping methods, predicting interactions via PWMs enables
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manner. This permits a more accurate means to identify both
conserved and diverged interactions, as interactions are deter-
mined by a domain’s binding specificity and not by orthologous
protein pairs, thus enabling the evaluation of different evolutionary
mechanisms that give rise to the observed rates of network
rewiring.
In this study, we use the aforementioned high resolution S.
cerevisiae SH3 and kinase specificity maps [6,11] to computationally
predict high confidence SH3 and kinase interaction networks for
23 species belonging to the Ascomycota phylum of the Fungal
kingdom, representing over 300 million years of evolution [24].
We quantify network evolution rates for different network rewiring
mechanisms and compare them to other network evolutionary
rates [18]. Furthermore, we show that the rate of network rewiring
reaches saturation due to the rapid rate of interaction change.
Moreover, we uncover interaction conservation patterns related to
multiple SH3 domains binding the same proline rich region on a
protein binding partner. Finally, we show motif specific sequence
conservation translates to the conservation of interactions.
Results/Discussion
SH3 and kinase interaction networks for 23 fungal
species
Using position weight matrix (PWM) profiles derived from S.
cerevisiae phage display experiments and combinatorial peptide library
screens [6,11], we constructed SH3 and kinase interaction networks in
23 different fungal species spanning over 300 million years of evolution
(Figure 1, Materials and Methods). Note that our methodology does
not rely on sequence homology to predict interactions in different
species, enabling the identification of species-specific interactions
through binding profiles. Sequence homology is used only in the
comparison of interaction networks between different species. The
SH3 predicted network, using 30 PWMs from S. cerevisiae resulted in
,800 interactions and ,400 unique proteins for each of the 23 yeast
species. Likewise, the kinase network, using 63 PWMs, resulted in
,1800 interactions and ,450 unique proteins. Parameters to create
the networks were selected using the area under the receiver operator
curve (AUROC) and the Matthews correlation coefficient metrics
(Materials and Methods). In Figure S1 we provide estimates over a
range of true positive and true negative ratios.
To compare the constructed networks and infer interaction
conservation among the different yeast species, orthology assign-
ments provided by Wapinski and co-workers were used to establish
orthology relationships for all proteins in the networks (Materials
and Methods) [25]. We further ensured that orthologs to the S.
cerevisiae SH3 and kinase proteins contained the particular SH3 and
kinase domains, respectively. Here, we assume domain binding
specificities found in S. cerevisiae to be similar for orthologous
proteins, even for distant species. While this is a critical assumption,
five different observations suggest it is reasonable for the proteins
analyzed. First, we examined paralogous domains in S. cerevisiae
since they tend to be under weaker purifying selection than non-
duplicated genes and are likely to diverge at faster rates than
proteins in different species [26]. We find paralogous SH3 proteins
to have very high PWM similarity, especially considering those
above 80% amino acid sequence identity (Figure S2). Second, we
show orthologs and paralogs share the same amino acids at similar,
presumably binding determining, positions in a multiple sequence
alignment (Figure S3). Third, SH3 domain crystal structures reveal
contact amino acids to a bound ligand are highly conserved in
orthologs (Figure S4). Fourth, orthologs to S. cerevisiae SH3 and
kinase domains exhibit a high degree of amino acid identity (Figure
S5A and S6). Fifth and finally, for many following analysis, we use
two species sets: one where we use all 23 species and a restricted set,
where we use orthologs with an amino acid sequence identity
greaterthan 80%(for which bindingspecificityis almostguaranteed
to be conserved). In all cases, we observe the same results.
SH3 and kinase interaction network structure and
topology is conserved
To assess thesimilarity ofthe fungal networks with eachother,we
created phylogenetic trees from the orthology mapped interaction
networks, based on the number of conserved interactions between
species (Materials and Methods). Importantly, we found that the
phylogenetic trees derived from the predicted SH3 and kinase
interactions (Figure S7A and S7B) are remarkably similar to the
canonicalproteinsequence-based phylogeny (Figure2A), suggesting
that the interaction networks share similar evolutionary properties
as genome sequences [27]. While we observe similar phylogenetic
trees for the fungal species, analysis spanning the 3 domains of life
revealedtopologicaldifferences between themetabolicpathwayand
sequencebased phylogenetictrees, representingmanymoreyears of
evolution [28–30]. Despite the phylogenetic similarities for the
fungal species, only 5 SH3 interactions are conserved across all 23
yeast species, translating to ,1% of all S. cerevisiae SH3 interactions.
For kinases, not a single interaction is conserved across all kinase
interaction networks given the defined thresholds and orthology
mappings. The limited number of globally conserved interactions
indicates thatphylogeneticsimilaritiesaredueto conservationofthe
network structure and topology rather than individual interactions
between orthologs.
Quantification of evolutionary changes in the SH3 and
kinase interaction networks
The observed lack of conservation of specific interactions may
be attributed to two main evolutionary mechanisms. First, an
interaction can be lost or gained but both the binding and target
Author Summary
Protein interaction networks control virtually all cellular
processes. The rules governing their evolution have
remained elusive, as comprehensive protein interaction
data is available for only a small number of very distant
species, making evolutionary network studies difficult.
Here we attempt to overcome this limitation by compu-
tationally constructing protein interaction networks for 23
relatively tightly spaced yeast species. We focus on
networks consisting of kinase and peptide binding domain
interactions, which play central roles in signaling path-
ways. These networks enable us to investigate evolution-
ary network mechanisms. We are able, for the first time, to
accurately quantify the contribution of different rewiring
mechanisms. Interaction change appears to be mainly
accomplished through binding site evolution rather than
through gene gain or loss. This is in contrast to other
evolutionary processes, where gene duplication or dele-
tion is a major driving factor. Moreover, our analysis
reveals that interaction changes are very fast – fast enough
that the number of changes saturates, i.e., the actual rate
of change has been strongly underestimated in previous
studies. Our analysis also reveals different mechanisms by
which certain interactions are conserved throughout
evolution. Our results likely transfer to other species and
networks, and will benefit future evolutionary studies of
signaling pathways.
Signaling Network Evolution
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‘‘interaction rewiring’’ (i.e., orthologs exist for the associated genes
of the binding and target proteins). Second, the binding or target
protein itself can be gained or lost (i.e. through a gene duplication),
which we refer to as a ‘‘protein change’’. To examine interaction
differences observed in these networks, we quantified rates of
interaction rewiring and protein change in both the SH3 and
kinase networks and compared them to previously reported rates
for other types of interaction networks.
To attain a rate of interaction rewiring, we need to ascertain the
number of interaction changes between two species as well as their
divergence time (see Materials and Methods). We find that the
interaction rewiring rate decreases sharply as the divergence
distance increases for the SH3 and kinase interaction networks
(Figure 2B, Figure S8A) in addition to being slower than in
random networks (p-value,0.001, Figure S9). This suggests that
to obtain an accurate rewiring rate one has to use closely related
species, as the estimated rewiring rates are dependent on
divergence distance and hence the selected reference species. For
example, the rates of interaction rewiring in the SH3 network
between closely related species 1) S. cerevisiae and S. paradoxus and
between distant species 2) S. cerevisiae and S. pombe are 3.86610
24
and 4.01610
25 interaction rewirings per protein pair per million
years respectively. Indeed, using the nearest evolutionary species
as a reference, S. octosporus, for S. pombe results in an over 4 times
increase to 1.85610
24 interaction rewiring per protein per million
years (Table S1). Intuitively, this phenomenon may be explained
by a saturation of interaction changes at longer evolutionary
distances. A similar result is observed when selecting SH3 domains
above a range of amino acid identity thresholds (Table S2, Figure
S10), indicating that our assumption of orthologs retaining similar
specificities is reasonable, as noted above.
To investigate this saturation effect, we examined the absolute
number of interaction changes with respect to divergence time.
Importantly, we find the number of SH3 and kinase interaction
rewiring events is sufficiently rapid to reach saturation in about 200
million years of divergence since the last common ancestor
(Figure 2C, Figure S8B). This saturation effect is analogous to the
saturation of neutral sequence substitutions in the comparison of
highly divergent sequences resulting in a biased dN/dS ratio, due to
the inability to observe multiple substitutions at the same nucleotide
positions thus resulting in a deflated dS value. The observed
decrease in interaction rewiring rate is dominated by divergence
distance and possibly reflects the inability to observe multiple
rewirings of the same interaction, as the loss followed by a gain of
the same interaction appears as a conserved interaction (Table S1).
Previous studies that quantified evolutionary rates for network
changes [18,19] used relatively distant species for comparison and
were hence likely hampered by this issue. Thus we expect that they
have underestimated the true evolutionary rate.
Similar to interaction rewiring, the rate of protein change is also
dependent on the selected reference species. Using the nearest
species to calculate rates in the SH3 network, the average rate of
protein change is 1.95610
25 protein changes per protein pair per
million years while the average rate of interaction rewiring is
1.61610
24 interaction rewiring per protein pair per million years
(Table S1 and S3). An almost 10-fold difference between rates in
interaction rewiring and protein change suggests that interaction
rewiring is the primary mechanism for determining the overall rate
of interaction change in the SH3 interaction network. A similar
Figure 1. Generating SH3 and kinase interaction networks schematic. 23 yeast proteomes were scanned with 30 SH3 domain and 63 kinase
domain position weight matrices (PWMs). High scoring interactions are selected and merged together on a per species basis to form SH3 and kinase
interaction networks. In order to compare the different species’ networks, orthology mappings were used [25]. Vertices (nodes), solid directed arrows,
and dashed undirected lines represent proteins, protein interactions, and orthology assignments respectively. Blue nodes are proteins with an SH3 or
kinase domain and any other colored node is a target protein of either a SH3 or kinase domain. Nodes of the same color but in different species are
orthologs.
doi:10.1371/journal.pcbi.1002411.g001
Signaling Network Evolution
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kinase signaling interactions are known to evolve more rapidly than
metabolic and other protein interactions [17,21], due to the short
protein binding surface area forming the interaction interface.
Additionally, the time scale to observe the saturation phenomena in
these networks is significantly smaller than the time scales used in
previouscomparisonstudies[17,21–23].Herewefind thedominant
mechanism for interaction change, at the observed time scale, is by
interaction rewiring forthese signaling networks.This isreminiscent
of the study by Zhong et al. who found the mechanisms of
interaction rewiring and protein change corresponded to distinct
mutation events. They further found single genes associated with
multiple diseases could be explained by interaction rewiring (ie.
network perturbation) [31]. Thus the rapid rewiring rate exhibited
intheSH3andkinasenetworksconceivablyenablesthediscoveryof
new functionality while maintaining the same gene repertoire.
Rates of interaction change in the SH3 and transcription
factor networks are similar to rates found in the kinase
network
A previous study examined the rate of interaction change (i.e.
the combination of interaction rewiring and protein change rates)
associated with phosphosite and transcription factor regulatory
Figure 2. Rates of interaction change. Divergence distances are taken with respect to the last common ancestor. A) The canonical phylogeny
based on protein sequences of common genes found in all 23 species (Materials and Methods). B) Rates of SH3 interaction change calculated such
that no branch is shared in the canonical phylogenetic tree versus divergence in millions of years. C) The number of SH3 interaction changes with
respect to S. cerevisiae versus divergence in millions of years. Saturation is reached within ,200 million years of divergence.
doi:10.1371/journal.pcbi.1002411.g002
Signaling Network Evolution
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rates for our SH3 and kinase interaction networks. To provide an
unbiased comparison, by compensating for the aforementioned
saturation phenomenon, we computed interaction change rates of
our kinase network using S. cerevisae as the sole reference strain
instead of the closest related species and observed similar rates
between the two networks. Specifically, interactions in the C.
albicans and S. pombe phosphosite network were reported to change
at a rate of 1.09610
25 and 1.24610
25 interaction changes per
protein pair per million years, respectively after adjusting to our
orthology mappings [18] (Table S5). Importantly, we found that
interaction changes in the C. albicans and S. pombe kinase networks
occur at a comparable rate, 3.68610
25 and 3.89610
25
interaction changes per protein pair per million years respectively
(Table S2 and S4), when S. cerevisiae was used as the reference
species. Considering that our computational approach is likely to
contain some false positives and false negatives, the calculated
rates may be overestimated. Thus, the close agreement between
our findings and the Beltrao et al phosphosite network study
supports the validity of our computational approach.
We next quantified rates in the C. albicans and S. pombe SH3
networks and found that they change at a rate of 5.90610
25 and
5.47610
25 interaction changes per protein pair per million years,
respectively (Table S1 and S3). Interestingly, interaction changes
in the SH3 networks occur at similar rates compared to interaction
changes in the kinase and phosphosite networks.
Rates for the transcription factor-DNA (TF-DNA) interactions
have also been deduced for S. mikatae and S. bayanus regulatory
networks using S. cerevisiae as a reference species. We found that the
rates of interaction change associated with these regulatory
networks (1.02610
23 and 5.91610
24 interaction changes per
transcription factor-gene pair per million years for S. mikatae and S.
bayanus, respectively) (Table S6) [18] are similar to the SH3
interaction network rates of interaction change for the same species
(4.82610
24 and 4.24610
24 interaction changes per protein pair
per million years for S. mikatae and S. bayanus respectively) (Table 1).
Given enhancer regions diverge at a fast rate [32,33], transcription
factor interactions are expected to change rapidly.
Here we find that different peptide recognition domain
networks evolve at different rates, all of which are faster by an
order of magnitude than the rate of change of protein-protein
interaction networks [21]. This is the case even when considering
the estimated error in the rate of network rewiring within the SH3
interaction network between the evolutionary closest species of
S.cerevisiae and S. paradoxus (estimated at 1.7610
24 interaction
changes per protein pair per million years). Given the rate at
which the signaling and regulatory networks rewire, it is tempting
to speculate that the ability to rapidly reorganize their structure is
a mechanism for swift adaptation to selective constraints while
minimizing disruption to a core network responsible for basic
cellular functionality.
Global trends in interaction conservation
The rates above highlight the plastic nature of SH3 and kinase
interaction changes which in addition to the lack of a significant
correlation between a SH3 PWM’s entropy and the rate of
interaction rewiring (r=20.067, p-value=0.724, Figure S11)
suggest detecting conserved interaction signals to be difficult.
Interestingly, we readily observed global trends of network
conservation. Using S. cerevisiae as the reference species, we found
a significant correlation between the number of domains that bind
a target protein and the degree to with interactions are conserved,
for both the SH3 (r=0.466, p-value,2.2610
216) and kinase
(r=0.337, p-value,2.2610
216) interaction networks (Figure 3A
and 3B). These correlations explain 16% and 10% of the variance,
respectively, where interaction conservation is the fraction of
species retaining an interaction found in S. cerevisiae. This suggests
targeted proteins may retain interactions by maintaining many
interaction partners (ie. the target protein has a high in-degree).
To identify mechanisms giving rise to the above correlation, we
use the position specific binding information provided by the
PWMs to determine the exact region bound by a domain on a
target protein (Materials and Methods). We found that high in-
degree target proteins have peptide regions bound by multiple
SH3 domains, forming binding site clusters primarily in proline
rich regions (Figure cluster 4A). Binding site cluster formation may
be attributed to two modes: 1) binding by the same SH3 specificity
class and 2) binding by multiple SH3 specificity classes that share a
common PXXP core, where X is any amino acid. As an example,
Srv2p contains a multiclass cluster composed of class I, II, and III
SH3 domain binders (Figure 4A). While we observe the formation
of clusters, two proteins cannot simultaneously occupy the same
binding site, thus multiple binding domains forming a cluster
competitively bind for the target binding site.
Having identified cluster formations at SH3 target binding sites,
we explored the relationship between the size of the binding site
clusters and interaction conservation. A significant correlation was
found between cluster size and interaction conservation (r=0.192,
p-value=4.67610
26) (Figure 4B), though not as significant as the
correlation found at the global level of protein interactions
between the number of interacting SH3 domains and interaction
conservation. Interestingly, cluster sizes greater than 7 fail to
exhibit the same degree of interaction conservation as proteins
whose in-degree are of the same magnitude. Since proteins with
many interacting SH3 domains may contain multiple clusters, this
suggests the number of binding clusters may play a role in
determining an interaction’s conservation degree. Pursuing this
observation, we find a significant correlation between the number
of binding site clusters and interaction conservation (r=0.461, p-
value=5.85610
212) (Figure 4C). This is in agreement with
previous studies suggesting that the amount of a protein
participating in interactions is more conserved [34,35]. The
existence of disjoint clusters is analogous to the existence of several
different interaction interfaces participating in a complex forma-
tion, which is most likely driving the correlation with interaction
conservation. Similar observations are found within the kinase
interaction network where correlations between interaction
conservation and both binding site cluster size (r=0.210, p-
value=1.40610
214) and the number of clusters (r=0.296, p-
value=6.48610
210) are found (Figure S12).
Sequence specific conservation relates to interaction
conservation
Cluster formation at binding sites suggests that the sequence
could be evolutionary constrained to preserve recognition by
multiple binding domains. To investigate the relationship between
sequence conservation and interaction conservation we measured
the binding site divergence using the AL2CO algorithm (Materials
and Methods) [36] and observe a significant correlation between
sequence conservation and binding cluster size (r=0.241, p-
value=2.80610
25), indicating the existence of selective pressure
to maintain sequence conservation due to multiple interacting
partners. However, the relative contribution of different target
binding site amino acids to a domain’s binding specificity varies
wildly. Consider the binding specificity of a class I SH3 domain
with the consensus sequence RXXPXXP, where X is any amino
acid. The first, middle, and last positions of the binding site are
constrained to specific anchor amino acids, whereas the other
Signaling Network Evolution
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perspective of the class I domain, a binding site is conserved when
the 3 anchor amino acids are present, while the other amino acids
are free to evolve.
To measure the conservation of a target peptide sequence
relative to a SH3 domain’s binding specificity we developed a new
metric. Using S. cerevisiae as the reference species, for an observed
target binding site, we first calculate its PWM score and the PWM
score for all orthologous proteins. The difference between a
species’ PWM score to that of the S. cerevisiae ortholog indicates the
relative amount the target site has evolved. To provide a summary
metric, PWM scores for each ortholog are weighted by their
divergence distance from the S. cerevisiae ortholog (Materials and
Methods). While many previous studies sought to identify
conserved protein interactions [22,23], here we show that this
metric enables identification of both conserved and evolving
interactions. Conserved interactions have values near zero as is the
case for Srv2p which contains a highly conserved binding cluster
of size 6. Evolutionary changing interactions bind evolving target
binding sites identified by negative values, larger magnitudes
indicate recently acquired target binding sites. One example of an
evolved target binding site is found on Ubp7p in a cluster size of 5.
The metric captures the evolving binding site, while only weak
sequence conservation is observed. Not surprisingly, a significant
correlation between the metric and interaction conservation
(r=0.425, p-value,2.2610
216) is observed, highlighting the
Table 1. Quantification of the two mechanisms of yeast SH3 interaction change: 1) interaction rewiring, and 2) protein change.
Species SH3 domain orthologs Orthologs
Changed
interactions
Divergence Time
(My)
SH3 interaction change (per protein
pair per My)
S. paradoxus 21 5096 497 10 4.6461024/3.8661024
61 5.7061025/4.7461025
S. mikatae 21 4913 659 15 4.2661024/3.0561024
88 5.6961024/4.0861025
S. bayanus 21 4996 800 20 3.8161024/2.3661024
91 4.3461025/2.6861025
C. albicans 17 3982 1217 400 4.4961025/2.0161024
381 1.4161025/1.9261025
S. pombe 15 3247 1172 600 4.0161025/1.8561024
426 1.4661025/4.4261026
Rows including the species name contain the interaction rate for the SH3 interaction change denoted by 1) above, while the row immediately below illustrates the rate
for the second type of interaction change. Rates before and after the backslash were calculated respectively by using S. cerevisiae and the closest species to the species
in question from the gene derived phylogenetic tree as the reference species. Divergence time is taken with respect to the last common ancestor in millions of years.
doi:10.1371/journal.pcbi.1002411.t001
Figure 3. Significant correlations exist between interaction conservation and the number of interaction partners of a target protein
in the S. cerevisiae SH3 and kinase interaction networks. A) A strong correlation between interaction conservation and the number of
interaction partners of a target protein for the SH3 protein interaction network (r=0.466, p-value,2.2610
216) and B) for the kinase protein
interaction network (r=0.337, p-value,2.2610
216).
doi:10.1371/journal.pcbi.1002411.g003
Signaling Network Evolution
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interaction conservation. In line with this, we find a significant
correlation between the metric and binding site cluster size
(r=0.271, p-value=2.41610
26). This result demonstrates that
binding specificity from multiple domains indeed places evolu-
tionary constraint on the target binding site sequence.
In conclusion, we use the specificity profiles of a common
signaling domain to generate a model network for the fungal clade
spanning a wide range of evolutionary distances. In this manner
we overcome the difficulty of comparing interaction networks of
very divergent model organisms derived from a limited amount of
experimental interaction data. We draw a number of conclusions
that are biologically important: First, we find that the major driver
of evolution of signaling pathways is interaction change and not
gene duplication or loss. Second, we find network interaction
changes are so rapid that they swiftly saturate, a phenomenon
future studies will need to consider. Finally, we find signatures of
network conservation and propose associated mechanisms. We
expect our results can be generalized to many other signaling
domains, such as SH2, WW, and PDZ domains, since they are
affected by the same fundamental evolutionary processes.
Materials and Methods
Collection of proteomes and domain specificity map data
Genomic and proteomic data for 23 fungal species from the
Ascomycota phylum were obtained from a variety of sources [37–
43]. The same genomic and proteomic datasets were selected as
those used to generate the orthology group assignments by
Wapinski et al. [25], but extend to 23 fungal species which is
available on their website as version 1.1 (retrieved August 2009).
30 SH3 position weight matrices (PWMs) for 25 of 27 S. cerevisiae
SH3 domains were obtained from Tonikian et al. [6]. Kinase
PWMs were obtained from Mok et al. for 61 of 122 S. cerevisiae
kinase proteins, for a total of 63 kinase PWM classes [11]. SH3
PWMs were constructed by aligning peptide sequences derived
from phage display to create amino acid frequencies for each
ligand position. Kinase PWMs are based on intensity signal ratios
Figure 4. Binding cluster formation and existence of a significant correlation between interaction conservation and both binding
cluster size and the number of binding site clusters. A) Global protein in-degree decomposition into amino acid resolution binding
demonstrates the formation of binding site clusters. A segment of the S. cerevisiae protein Srv2p is shown demonstrating binding cluster formation B)
A strong and significant correlation between interaction conservation and binding cluster size exists (r=0.192, p-value=4.67610
26). C) The
correlation between interaction conservation and the number of clusters is found to have an even stronger correlation with the number of clusters
found on a protein for the SH3 interaction network (r=0.461, p-value=5.85610
212).
doi:10.1371/journal.pcbi.1002411.g004
Signaling Network Evolution
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screens.
Binding target site prediction using MOTIPS at high
accuracy
Identifying putative target binding sites for each SH3 and kinase
domain was determined using the Motif Analysis Pipeline
(MOTIPS) [44], a method similar to ScanSite [45]. Binding
target sites were identified for the 23 yeast species using the S.
cerevisiae SH3 and kinase domain PWM specificity classes (see
above). Here we use the term target binding site to refer to a
peptide target prediction corresponding to a PWM class. Given a
PWM, the binding target site score is defined by
Score~
Score(bindingsite)c{Scoreoptimal
c
Scoreoptimal
c
where c is the PWM class, Scoreoptimal
c is the optimal binding score
for the PWM class, and Score(bindingsite)c is defined below.
Score(bindingsite)c~
X Nc
p~1
{log
aap
P20
x~1 aax
 !
where Nc is the length of the target binding site for class c, p is the
position of an amino acid within the target binding site, and aa is
an amino acid’s entropic adjusted ‘‘count’’ [46] at a given position
in the PWM. Each predicted binding target site is further
associated with parameters of disorder (lack of tertiary structure)
and surface solvent accessibility respectively computed by
disopred2 and sable [47,48] to provide additional features to
enhance target binding site predictions.
Parameter selection was performed using the area under the
receiver operator curve (AUROC). Other binary classification
metrics such as Matthews correlation coefficient (MCC) resulted in
the same parameters being selected. To measure model perfor-
mance, both true positive and true negative sets are required. For
SH3 interactions, true positive interactions were retrieved from
Tonikian et al. [6] and true negative interactions were created
using randomly selected interacting partners for each SH3
domains. The true negative set was constrained to exclude protein
pairs annotated with overlapping cellular compartments, addi-
tionally true positive interactions were removed from the negative
set. The parameter selected for the SH3 interaction network were
the top scoring 30 interactions for each class, with accessibility and
disorder scores respectively greater than 3 and 0 to achieve
AUROC and MCC values of 0.86 and 0.79 respectively. For the
kinase interaction network we used data from Breitkreutz et al [49].
Unfortunately, this dataset identifies only interaction partners and
does not include interaction directionality, which is crucial for our
purposes. To determine interaction directionality, S. cerevisiae
phosphosite data from literature [18,50–54] was superimposed on
the Breitkreutz et al kinase network. Kinase PWMs from Mok et al.
were subsequently used to identify kinase domains that bind
specific phosphosites [11,49]. To ensure the interaction is
significant and likely a true positive, phosphoproteins were
scanned by every kinase PWM to create a best score background
distribution. For each kinase PWM best score distribution we
assume it follows a Student’s t-distribution and use a threshold of
p-value,1610
216 to define the true positive set. The kinase
network true negative set was constructed in the same manner as
the SH3 negative. Parameters selected for the kinase interaction
network were top 360 interactions for each PWM class,
accessibility score greater than 4.0 and a disorder score greater
than 0.9 to achieve AUROC and MCC values of 1 and 0.16
respectively. In all comparisons, a 1 to 5 ratio between true
positives and true negatives were used. Various metrics describing
the confusion matrix were found to be similar across a range of
true positive and true negative ratios (Figure S1).
Network comparison and orthology assignment
Comparisons between the 23 different species interaction
networks were made using orthology mappings provided by the
SYNERGY algorithm [55]. Two network comparison types were
performed, global and local, respectively based on the absence or
use of exact amino acid positional target binding information.
Global comparisons involve determining the interaction conser-
vation between two proteins. Here an interaction is conserved if
any of the target proteins has an ortholog found to also be a
binding partner for a given protein domain (one-to-one and one-
to-many orthology relationships). Local comparisons are used in
identifying conserved interactions when estimating the network
rewiring rate. To simplify network comparisons for evolutionary
rate calculations, we constrained orthology mappings to one-to-
one and many-to-one relationships with respect to the reference
species, thus ensuring at most a single protein per species exists in a
multiple sequence alignment for each reference species’ protein.
Orthology mappings are established using the shortest distance
between genes, where the distances are derived from the
orthogroup’s reconstructed gene tree, as orthogroups encompass
both orthologs and paralogs. The reconstructed gene trees for each
orthogroup were retrieved from the January 2009 data revision by
Wapinski I. et al. containing the 23 fungal species used in this study
[25].
Ortholog selection for S. cerevisiae proteins containing a
SH3 or kinase domain
Blastp [56] and the SH3 Pfam HMMs [57] were used to
determine SH3 domain existence in the orthologs to S. cerevisiae
proteins containing a SH3 domain. If both blastp and the SH3
Pfam HMMs failed to identify a SH3 domain, the protein was
removed from the interaction network. S. cerevisiae domain regions
were retrieved from Tonikain et al. [6]. Parameters used for blastp
were ‘-evalue 0.1’ and for the Pfam HMMs, ‘-e_seq 0.1 -e_dom
0.1’. In a similar manner, kinase proteins from Mok et al. were
selected [11] and the Pfam Pkinase HMM was run with ‘-e_seq
0.01 -e_dom 0.01’. The S. cerevisiae kinase domain boundaries were
extracted from the Pfam output, and blastp was run with ‘-evalue
0.1’. If both blastp and the Pkinase Pfam HMM failed to identify a
kinase domain in an orthologous S. cerevisiae protein, the protein
was removed from the kinase interaction network.
Multiple sequence alignment
For each gene target involved in a SH3 or kinase interaction,
the protein sequences of the gene target and its associated
orthologs were aligned using MAFFT v6.717b [58] with the ‘–
auto’ parameter.
SH3, kinase, and canonical phylogenetic trees
The R statistical program with the Analyses of Phylogenetics
and Evolution (APE) package [59] was used to generate the
phylogenetic trees derived from conserved interactions in the SH3
and kinase interaction networks for the 23 yeast species using a
minimum evolution method. As input for such methods, a multiple
sequence alignment (MSA) is required. A MSA based on
conserved interactions can be created by considering an
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MSA, whose value is 1 if the interaction is present and 0 otherwise.
The canonical phylogenetic tree was created by concatenating
the protein MSA of 79 out of 153 genes families with synteny
support [27,60], where the 79 gene families correspond to
orthogroups containing each of the 23 yeast species exactly once
[25]. In other words, only gene families with no paralogs were
selected. MAFFT was used to align the 79 gene family
orthogroups. The alignments were concatenated and a phyloge-
netic tree was created using SEMPHY version 2.0b3 with the JTT
matrix and parameters ‘–jtt –S –O’ [61]. The divergence distance
from the last common ancestor between S. cerevisiae and S. pombe
was set to 600 million years and the APE package was used to
create the canonical phylogenetic tree.
Interaction change rates
To compare rates of interaction change with the computed SH3
and kinase interaction networks against prior literature rates, we
used rates of interaction change provided by Beltrao and
colleagues for the kinase and transcription factor networks. To
provide a fair comparison, divergence times for K. lactis, C. albicans,
and S. pombe with respect to S. cerevisiae were set to 300, 400, and
600 million years respectively, values use by Beltrao et al. [18].
Divergence times for the yeast sensu stricto group taken with
respect to S. cerevisiae for S. paradoxus, S. mikatae, and S. bayanus were
10, 15, and 20 million years respectively [62].
Estimating rates of interaction change between interaction
networks requires the divergence times between the networks to be
known. To estimate divergence times, we created a canonical gene
phylogenetic tree encompassing all 23 fungal species. The above
section details the construction of the canonical phylogenetic tree.
The network rewiring mechanism of ‘‘interaction rewiring’’ and
‘‘protein change’’ require the identification of conserved interac-
tions, as the absence of a conserved interaction is an interaction
change. For interaction rewiring, an interaction is conserved if
there exists a target binding site within a window centered on the
reference species’ target binding site plus 10 flanking amino acids.
For protein change, interaction conservation is based solely on the
existence of a protein ortholog.
Rates of interaction change with respect to a reference species
were calculated in the same manner as Beltrao et. al. using the
following equation:
intChanges
orthDomainProteins|orthProteins|divergenceTime
where intChanges is the number of gained and lost interactions,
orthDomainProteins is the number of orthologous proteins between
the two species in comparison containing a SH3 or kinase domain,
orthProteins is the number of orthologous proteins, and divergenceTime
is the divergence time in millions of years separating the two
species [18]. Rates for both network rewiring mechanisms of
interaction rewiring and protein change were calculated using the
above equation. This equation can be viewed as the fraction of the
interaction changes versus all possible interactions amongst
proteins with orthologs and normalized by the divergence distance
between the two compared species interaction networks.
Determining if rates of interaction rewiring significantly differ
between the predicted network and random networks, 1000 sets of
randomized interaction networks for each of the 23 species were
created. The networks were randomized such that protein degree
and the total number of nodes within the 23 interaction networks
were maintained. For each set of randomized networks, the rate of
interaction rewiring was calculated and compared against rates
found in the original interaction networks.
Estimating the error in network rewiring was performed in the
SH3 interaction network and between the two closest yeast species:
S.cerevisiae and S. paradoxus. Using the predicted S.cerevisiae interaction
network, the number of false positives and false negatives were
calculated using the true positive and true negative datasets
determined above. We assume the number of incorrect interactions
is the same in the S. paradoxus SH3 interaction network, hence the
maximum number of incorrect interactions is double the number of
false interaction changes found in the S.cerevisiae network.
Analysis of binding site clusters
The set of target binding sites, linear peptide sequences, for each
SH3 and kinase domain were provided by the MOTIPS pipeline.
When multiple target binding sites overlap, a target binding site
cluster is formed. Specifically, a binding site cluster is defined as a
region on a protein target for which every peptide segment bound
by a protein domain overlaps with every other bound peptide
segment, and for every pair of overlapping bound segments, one
segment overlaps another by more than 50% of its peptide length.
A greedy approach is used to form the clusters.
Sequence conservation metrics
Determining the binding site sequence conservation is measured
by AL2CO [36] in conjunction with a weighted scoring scheme to
account for gaps. AL2CO was run with the parameters ‘–f 1 –g
0.01’. Each amino acid position within the multiple sequence
alignment was further weighted by 1 minus the ratio of gaps vs
non-gaps at that amino acid position, thereby decreasing the
conservation score of positions with many gaps.
Calculating the sequence conservation specific to a protein
domain is computed in 3 steps: 1) use PWMs to calculate the
highest scoring target binding site for all protein orthologs at the
location of the reference species’ target binding site in a MSA
within a 10 amino acid flanking window, 2) obtain divergence
distances for all protein orthologs with respect to S. cerevisiae, and 3)
finally weight the difference in PWM scores between protein
orthologs versus the S. cerevisiae protein PWM score with the
reciprocal of the protein orthologs divergence distance from the S.
cerevisiae protein. Computing the highest scoring target binding
sites for all protein orthologs for a given protein domain is
performed by making a MSA for each target protein, where each
MSA consists of the target protein and its protein orthologs. Using
S. cerevisiae as the reference species, a window is set to the
boundaries of the target binding site plus 10 flanking amino acids
on either side. For each protein ortholog, the highest scoring target
binding site is attained from the sequence within the window. A
score threshold defined as twice the worst PWM score in the
S.cerevisiae network is applied to the PWM score difference between
protein orthologs and the S. cerevisiae protein to capture sequences
likely to have diverged towards the S. cerevisiae binding target site.
Divergence distances for protein orthologs of a S. cerevisiae target
protein are obtained from the reconstructed gene tree by Wapinski
I. et al. of the target protein’s orthogroup [25]. If protein paralogs
exist within the orthogroup, the protein with the shortest distance
to the S. cerevisiae target protein is retrieved.
Supporting Information
Figure S1 Effect of varying the true positive/true negative ratio
on different metrics describing the confusion matrix for A) the
SH3 interaction network and B) the kinase-substrate network.
(EPS)
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specificities against each other. A) PWM dissimilarity versus
percent amino acid identity between two SH3 domains, where
PWM dissimilarity is the normalized sum of the minimum L2
norm between two PWM positions by padding each PWM with
flanking fake amino acid X. B) The number of common position
specific interactions shared between two SH3 domains versus
percent amino acid identity.
(EPS)
Figure S3 Multiple sequence alignment of S. cerevisiae SH3
domain paralogs and their orthologs for A) Boi1 and Boi2, B) Lsb1
and Pin3, C) Myo3 and Myo5, and D) Lsb3 and Lsb4. Many
positions shared between orthologs are shared between paralogs.
The MAFFT multiple sequence alignments [58] were visualized
using JalView [63].
(EPS)
Figure S4 Contact amino acids, defined as amino acids 5 A ˚
from a bound ligand in a crystal structure, for S. cerevisiae SH3
domains are highly similar to those found in their orthologs.
Highlighted columns indicate contact amino acids for the S.
cerevisiae SH3 domains in the multiple sequence alignment for A)
Pex13 (2V1R and 1N5Z) [64], B) Sho1 (2VKN), C) Bbc1 (1ZUK),
and D) Lsb3 (1SSH). PDB ids are in parenthesis. If two structures
were present, the union of the contact positions was taken. The
MAFFT multiple sequence alignments [58] were visualized using
JalView [63].
(EPS)
Figure S5 SH3 domains in orthologous proteins exhibited a
high degree of amino acid identity to their S. cerevisiae ortholog.
(EPS)
Figure S6 Kinase domains in orthologous proteins exhibited a
high degree of amino acid identity to their S. cerevisiae ortholog.
(EPS)
Figure S7 Phylogenetic trees derived from A) SH3 interaction
conservation and B) kinase interaction conservation for 23 fungal
species.
(EPS)
Figure S8 Kinase rates of interaction change and number of
kinase interaction changes. A) Rates of kinase interaction change
calculated such that no branch is shared in the canonical
phylogenetic tree versus divergence in millions of years. B) The
number of kinase interaction changes with respect to S. cerevisiae
versus divergence in millions of years.
(EPS)
Figure S9 A) SH3 interaction rewiring rates taken with respect
to S. cerevisiae compared against rates taken from 1000 randomized
networks. B) Enlargement of A, with a focus on more distance
species to S. cerevisiae.
(EPS)
Figure S10 Rates of interaction change is similar when
considering orthologs to S. cerevisiae A) SH3 and B) kinase proteins
above various percent amino acid identity thresholds. Calculating
the rates of interaction change for domains only used orthologous
proteins meeting the threshold criteria.
(EPS)
Figure S11 Ranking the SH3 PWMs by their information
content by summing the entropy at each position within the PWM
fails to reveal a correlation between SH3 domains and the rate of
interaction rewiring (r=20.067, p-value=0.724).
(EPS)
Figure S12 A strong correlation exists between interaction
conservation and both binding cluster size and associated number
of cluster on a protein in the S. cerevisiae kinase interaction network.
A) A significant correlation between interaction conservation and
binding cluster size exists (r=0.210, p=1.40610
214) and B)
interaction conservation and the number of clusters found on a
protein (r=0.296, p=6.48610
210).
(EPS)
Figure S13 Preferential binding of SH3 domains to the same
GO functional groups across species. The Jensen-Shannon
divergence was used to measure the distribution of GO terms of
the target proteins bound by SH3 domains in other species with
respect to their S. cerevisiae counterparts. A score of 0 indicates
identity and 1 indicates complete difference in GO functional
group distributions. Many species show a mean score of 0.15,
indicating high similarity in GO functional groups bound by the
SH3 domain in S. cerevisiae.
(EPS)
Table S1 Quantification of yeast SH3 interaction change due
interaction rewiring. The number of interactions gained and lost is
found in parenthesis. Rates after the backslash were calculated by
using the closest species to the species in question from the gene
derived phylogenetic tree.
(DOC)
Table S2 Quantification of yeast kinase interaction change due
interaction rewiring. The number of interactions gained and lost is
found in parenthesis. Rates after the backslash were calculated by
using the closest species to the species in question from the gene
derived phylogenetic tree.
(DOC)
Table S3 Quantification of yeast SH3 interaction change due
protein change. The number of interactions gained and lost is
found in parenthesis. Rates after the backslash were calculated by
using the closest species to the species in question from the gene
derived phylogenetic tree.
(DOC)
Table S4 Quantification of yeast kinase interaction change due
protein change. The number of interactions gained and lost is
found in parenthesis. Rates after the backslash were calculated by
using the closest species to the species in question from the gene
derived phylogenetic tree.
(DOC)
Table S5 Phosphoevolution rates adapted from Beltrao et al. to
correspond to the ortholog mappings used in this study [18]. S.
cerevisiae protein kinases were derived from Breitkreutz et al., whose
category was denoted as ‘kinase catalytic’. The corresponding
orthologs were mapped to C. albicans and S. pombe (Methods) [49].
The range in rates is given by the assumption up to 5 interactions
are either gained or lost following the gain or loss of a
phosphoprotein.
(DOC)
Table S6 Transcription factor rates of interaction change with
respect to S. cerevisiae are from Borenman et al. [19]. Rates were
calculated in the same way as Beltrao et al. [18] but the number of
orthologs and the divergence times are adjusted to reflect those
used in this study.
(DOC)
Acknowledgments
We thank Alan Moses for helpful commentary on the manuscript.
Signaling Network Evolution
PLoS Computational Biology | www.ploscompbiol.org 10 March 2012 | Volume 8 | Issue 3 | e1002411Author Contributions
Conceived and designed the experiments: MGFS MS PMK. Performed
the experiments: MGFS MS. Analyzed the data: MGFS MS PMK.
Contributed reagents/materials/analysis tools: MGFS MS. Wrote the
paper: MGFS MC CB PMK.
References
1. Pawson T, Nash P (2003) Assembly of cell regulatory systems through protein
interaction domains. Science 300: 445–452.
2. Puntervoll P, Linding R, Gemund C, Chabanis-Davidson S, Mattingsdal M,
et al. (2003) ELM server: A new resource for investigating short functional sites
in modular eukaryotic proteins. Nucleic Acids Res 31: 3625–3630.
3. Manning G, Plowman GD, Hunter T, Sudarsanam S (2002) Evolution of
protein kinase signaling from yeast to man. Trends Biochem Sci 27: 514–520.
4. Pawson T, Scott JD (1997) Signaling through scaffold, anchoring, and adaptor
proteins. Science 278: 2075–2080.
5. Mayer BJ (2001) SH3 domains: Complexity in moderation. J Cell Sci 114:
1253–1263.
6. Tonikian R, Xin X, Toret CP, Gfeller D, Landgraf C, et al. (2009) Bayesian
modeling of the yeast SH3 domain interactome predicts spatiotemporal
dynamics of endocytosis proteins. PLoS Biol 7: e1000218.
7. Wu C, Ma MH, Brown KR, Geisler M, Li L, et al. (2007) Systematic
identification of SH3 domain-mediated human protein-protein interactions by
peptide array target screening. Proteomics 7: 1775–1785.
8. Rodriguez M, Li SS, Harper JW, Songyang Z (2004) An oriented peptide array
library (OPAL) strategy to study protein-protein interactions. J Biol Chem 279:
8802–8807.
9. Espejo A, Cote J, Bednarek A, Richard S, Bedford MT (2002) A protein-domain
microarray identifies novel protein-protein interactions. Biochem J 367:
697–702.
10. Landgraf C, Panni S, Montecchi-Palazzi L, Castagnoli L, Schneider-Mergener J,
et al. (2004) Protein interaction networks by proteome peptide scanning. PLoS
Biol 2: E14.
11. Mok J, Kim PM, Lam HY, Piccirillo S, Zhou X, et al. (2010) Deciphering
protein kinase specificity through large-scale analysis of yeast phosphorylation
site motifs. Sci Signal 3: ra12.
12. Barabasi AL, Oltvai ZN (2004) Network biology: Understanding the cell’s
functional organization. Nat Rev Genet 5: 101–113.
13. Barabasi AL, Albert R (1999) Emergence of scaling in random networks. Science
286: 509–512.
14. Pastor-Satorras R, Smith E, Sole RV (2003) Evolving protein interaction
networks through gene duplication. J Theor Biol 222: 199–210.
15. Kim WK, Marcotte EM (2008) Age-dependent evolution of the yeast protein
interaction network suggests a limited role of gene duplication and divergence.
PLoS Comput Biol 4: e1000232.
16. Wagner A (2001) The yeast protein interaction network evolves rapidly and
contains few redundant duplicate genes. Mol Biol Evol 18: 1283–1292.
17. Beltrao P, Serrano L (2007) Specificity and evolvability in eukaryotic protein
interaction networks. PLoS Comput Biol 3: e25.
18. Beltrao P, Trinidad JC, Fiedler D, Roguev A, Lim WA, et al. (2009) Evolution of
phosphoregulation: Comparison of phosphorylation patterns across yeast
species. PLoS Biol 7: e1000134.
19. Borneman AR, Gianoulis TA, Zhang ZD, Yu H, Rozowsky J, et al. (2007)
Divergence of transcription factor binding sites across related yeast species.
Science 317: 815–819.
20. Lavoie H, Hogues H, Mallick J, Sellam A, Nantel A, et al. (2010) Evolutionary
tinkering with conserved components of a transcriptional regulatory network.
PLoS Biol 8: e1000329.
21. Shou C, Bhardwaj N, Lam HYK, Yan K, Kim PM, et al. (2011) Measuring the
evolutionary rewiring of biological networks. PLoS Comput Biol 7: e1001050.
22. Matthews LR, Vaglio P, Reboul J, Ge H, Davis BP, et al. (2001) Identification of
potential interaction networks using sequence-based searches for conserved
protein-protein interactions or ‘‘interologs’’. Genome Res 11: 2120–2126.
23. Yu H, Luscombe NM, Lu HX, Zhu X, Xia Y, et al. (2004) Annotation transfer
between genomes: Protein-protein interologs and protein-DNA regulogs.
Genome Res 14: 1107–1118.
24. Sipiczki M (2000) Where does fission yeast sit on the tree of life? Genome Biol 1:
REVIEWS1011.
25. Wapinski I, Pfeffer A, Friedman N, Regev A (2007) Natural history and
evolutionary principles of gene duplication in fungi. Nature 449: 54–61.
26. Koonin EV (2005) Orthologs, paralogs, and evolutionary genomics. Annu Rev
Genet 39: 309–338.
27. Fitzpatrick DA, Logue ME, Stajich JE, Butler G (2006) A fungal phylogeny
based on 42 complete genomes derived from supertree and combined gene
analysis. BMC Evol Biol 6: 99.
28. Podani J, Oltvai ZN, Jeong H, Tombor B, Barabasi AL, et al. (2001)
Comparable system-level organization of archaea and eukaryotes. Nat Genet 29:
54–56.
29. Snel B, Bork P, Huynen MA (1999) Genome phylogeny based on gene content.
Nat Genet 21: 108–110.
30. Woese CR, Kandler O, Wheelis ML (1990) Towards a natural system of
organisms: Proposal for the domains archaea, bacteria, and eucarya. Proc Natl
Acad Sci U S A 87: 4576–4579.
31. Zhong Q, Simonis N, Li QR, Charloteaux B, Heuze F, et al. (2009) Edgetic
perturbation models of human inherited disorders. Mol Syst Biol 5: 321.
32. Tautz D (2000) Evolution of transcriptional regulation. Curr Opin Genet Dev
10: 575–579.
33. Schmidt D, Wilson MD, Ballester B, Schwalie PC, Brown GD, et al. (2010) Five-
vertebrate ChIP-seq reveals the evolutionary dynamics of transcription factor
binding. Science 328: 1036–1040.
34. Fraser HB, Hirsh AE, Steinmetz LM, Scharfe C, Feldman MW (2002)
Evolutionary rate in the protein interaction network. Science 296: 750–752.
35. Kim PM, Lu LJ, Xia Y, Gerstein MB (2006) Relating three-dimensional
structures to protein networks provides evolutionary insights. Science 314:
1938–1941.
36. Pei J, Grishin NV (2001) AL2CO: Calculation of positional conservation in a
protein sequence alignment. Bioinformatics 17: 700–712.
37. Cherry JM, Adler C, Ball C, Chervitz SA, Dwight SS, et al. (1998) SGD:
Saccharomyces genome database. Nucleic Acids Res 26: 73–79.
38. Arnaud MB, Costanzo MC, Skrzypek MS, Binkley G, Lane C, et al. (2005) The
candida genome database (CGD), a community resource for candida albicans
gene and protein information. Nucleic Acids Res 33: D358–63.
39. Dietrich FS, Voegeli S, Brachat S, Lerch A, Gates K, et al. (2004) The ashbya
gossypii genome as a tool for mapping the ancient saccharomyces cerevisiae
genome. Science 304: 304–307.
40. Galagan JE, Calvo SE, Cuomo C, Ma LJ, Wortman JR, et al. (2005) Sequencing
of aspergillus nidulans and comparative analysis with A. fumigatus and A.
oryzae. Nature 438: 1105–1115.
41. Dujon B, Sherman D, Fischer G, Durrens P, Casaregola S, et al. (2004) Genome
evolution in yeasts. Nature 430: 35–44.
42. Jones T, Federspiel NA, Chibana H, Dungan J, Kalman S, et al. (2004) The
diploid genome sequence of candida albicans. Proc Natl Acad Sci U S A 101:
7329–7334.
43. Wood V, Gwilliam R, Rajandream MA, Lyne M, Lyne R, et al. (2002) The
genome sequence of schizosaccharomyces pombe. Nature 415: 871–880.
44. Lam HY, Kim PM, Mok J, Tonikian R, Sidhu SS, et al. (2010) MOTIPS:
Automated motif analysis for predicting targets of modular protein domains.
BMC Bioinformatics 11: 243.
45. Obenauer JC, Cantley LC, Yaffe MB (2003) Scansite 2.0: Proteome-wide
prediction of cell signaling interactions using short sequence motifs. Nucleic
Acids Res 31: 3635–3641.
46. Henikoff JG, Henikoff S (1996) Using substitution probabilities to improve
position-specific scoring matrices. Comput Appl Biosci 12: 135–143.
47. Adamczak R, Porollo A, Meller J (2004) Accurate prediction of solvent
accessibility using neural networks-based regression. Proteins 56: 753–767.
48. Ward JJ, Sodhi JS, McGuffin LJ, Buxton BF, Jones DT (2004) Prediction and
functional analysis of native disorder in proteins from the three kingdoms of life.
J Mol Biol 337: 635–645.
49. Breitkreutz A, Choi H, Sharom JR, Boucher L, Neduva V, et al. (2010) A global
protein kinase and phosphatase interaction network in yeast. Science 328:
1043–1046.
50. Stark C, Su TC, Breitkreutz A, Lourenco P, Dahabieh M, et al. (2010)
PhosphoGRID: A database of experimentally verified in vivo protein
phosphorylation sites from the budding yeast saccharomyces cerevisiae.
Database (Oxford) 2010: bap026.
51. Albuquerque CP, Smolka MB, Payne SH, Bafna V, Eng J, et al. (2008) A
multidimensional chromatography technology for in-depth phosphoproteome
analysis. Mol Cell Proteomics 7: 1389–1396.
52. Li X, Gerber SA, Rudner AD, Beausoleil SA, Haas W, et al. (2007) Large-scale
phosphorylation analysis of alpha-factor-arrested saccharomyces cerevisiae.
J Proteome Res 6: 1190–1197.
53. Gruhler A, Olsen JV, Mohammed S, Mortensen P, Faergeman NJ, et al. (2005)
Quantitative phosphoproteomics applied to the yeast pheromone signaling
pathway. Mol Cell Proteomics 4: 310–327.
54. Ficarro SB, McCleland ML, Stukenberg PT, Burke DJ, Ross MM, et al. (2002)
Phosphoproteome analysis by mass spectrometry and its application to
saccharomyces cerevisiae. Nat Biotechnol 20: 301–305.
55. Wapinski I, Pfeffer A, Friedman N, Regev A (2007) Automatic genome-wide
reconstruction of phylogenetic gene trees. Bioinformatics 23: i549–58.
56. Altschul SF, Gish W, Miller W, Myers EW, Lipman DJ (1990) Basic local
alignment search tool. J Mol Biol 215: 403–410.
57. Finn RD, Mistry J, Tate J, Coggill P, Heger A, et al. (2010) The pfam protein
families database. Nucleic Acids Res 38: D211–22.
58. Katoh K, Misawa K, Kuma K, Miyata T (2002) MAFFT: A novel method for
rapid multiple sequence alignment based on fast fourier transform. Nucleic
Acids Res 30: 3059–3066.
59. Paradis E, Claude J, Strimmer K (2004) APE: Analyses of phylogenetics and
evolution in R language. Bioinformatics 20: 289–290.
Signaling Network Evolution
PLoS Computational Biology | www.ploscompbiol.org 11 March 2012 | Volume 8 | Issue 3 | e100241160. Byrne KP, Wolfe KH (2005) The yeast gene order browser: Combining curated
homology and syntenic context reveals gene fate in polyploid species. Genome
Res 15: 1456–1461.
61. Friedman N, Ninio M, Pe’er I, Pupko T (2002) A structural EM algorithm for
phylogenetic inference. J Comput Biol 9: 331–353.
62. Kellis M, Patterson N, Endrizzi M, Birren B, Lander ES (2003) Sequencing and
comparison of yeast species to identify genes and regulatory elements. Nature
423: 241–254.
63. Waterhouse AM, Procter JB, Martin DM, Clamp M, Barton GJ (2009) Jalview
version 2–a multiple sequence alignment editor and analysis workbench.
Bioinformatics 25: 1189–1191.
64. Douangamath A, Filipp FV, Klein AT, Barnett P, Zou P, et al. (2002)
Topography for independent binding of alpha-helical and PPII-helical ligands to
a peroxisomal SH3 domain. Mol Cell 10: 1007–1017.
Signaling Network Evolution
PLoS Computational Biology | www.ploscompbiol.org 12 March 2012 | Volume 8 | Issue 3 | e1002411